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Abstract— This paper proposes a leader–follower-based model
of mobile molecular communication networks for target detection
applications. The proposed model divides the application func-
tionalities of molecular communication networks into two types of
mobile bio-nanomachine: leader and follower bio-nanomachines.
Leader bio-nanomachines distribute in the environment to detect
a target and create an attractant gradient around the target.
Follower bio-nanomachines move according to the attractant
gradient established by leader bio-nanomachines; they approach
the target and perform necessary functionalities, such as releasing
drug molecules. This paper develops mathematical expressions
for the proposed model, describes wet laboratory experiments
designed to estimate model parameters, and performs biologi-
cally realistic computer simulation experiments to evaluate the
performance of the proposed model. The main contributions
of this paper are to demonstrate the functional division of
molecular communication networks, which will facilitate the
design and development of molecular communication networks.
Furthermore, insight into the application-level performance of
molecular communication networks will be provided based on
the proposed model.

Index Terms— Mobile molecular communication network,
bio-nanomachine, leader-follower model, collective behavior,
target detection, targeted drug delivery, haptotaxis.

I. INTRODUCTION

MOLECULAR communication networks, namely,
collections of bio-nanomachines that communicate

through molecular communication, are expected in the
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future to perform complex functionalities within biological
systems [1]–[5]. Example applications of such networks are
diverse and include transporting drug molecules to target
locations (e.g., disease sites) [6], [7], releasing drug molecules
at target locations [8]–[11], and tracking the locations of
mobile targets inside the human body [12]–[14].

In designing molecular communication networks for spe-
cific applications, the central question is how required
functionalities are distributed over a collection of bio-
nanomachines. One approach adopted previously is based on
the all-in-one model, where fully functional and identical
bio-nanomachines are used to achieve application-dependent
goals [6], [12], [15], [16]. This model, however, may not
apply to cases where a single bio-nanomachine needs to
implement a number of functionalities such as sensing the
environmental conditions, producing directional motion, syn-
thesizing molecules, and storing molecules. In such cases, an
alternative approach is to divide a full set of functionalities
into subsets of functionalities, prepare functionally different
bio-nanomachines that each implement one of these subsets,
and allow those bio-nanomachines to communicate, in order
to achieve application-dependent goals.

In this paper, we propose the leader-follower-based
model (LF model) of mobile molecular communication net-
works based on the principle of functional division and apply
the model to targeted drug delivery.1 The LF model divides
key functionalities of mobile molecular communication net-
works into leader and follower bio-nanomachines. Leader bio-
nanomachines distribute in the environment to detect a target.
Upon detecting a target, leader bio-nanomachines release an
attractant molecule, creating an attractant gradient around the
target. Follower bio-nanomachines move in response to the
attractant gradient made by leader bio-nanomachines; they
approach the target and perform required functionalities such
as releasing drug molecules.

In the area of drug delivery, functional division has been
demonstrated in [18], in which two types of nanoparticle
(signaling and receiving modules) cooperate to deliver drug
molecules. The signaling modules are first targeted to tumors
to activate tumor-specific endogenous biological pathways.
The receiving modules carrying drug molecules in the

1The early version of the paper appears in [17].

0090-6778 © 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.



664 IEEE TRANSACTIONS ON COMMUNICATIONS, VOL. 65, NO. 2, FEBRUARY 2017

circulation respond to the activated tumor-specific biological
pathways and efficiently accumulate at the tumor location.
Functional division has also been discussed in [11] where
liposome-based drug delivery is developed and analyzed.
In [11], a transmitter releases prodrugs and a receiver con-
tains an enzyme that can activate those prodrugs. The work
described in this paper is in line with these efforts while
focusing on autonomous and self-organized mobile molecular
communication networks to control the spatial distribution of
mobile bio-nanomachines.

The main contributions of this paper are as follows:
• A new model for mobile molecular communication net-

works is developd and presented. The proposed model
facilitates design improvements and the further develop-
ment of bio-nanomachines by reducing the number of
functionalities that need to be implemented on individual
bio-nanomachines.

• Mathematical techniques and wet laboratory experimental
results are combined to develop a biologically realistic
model of bio-nanomachines. This allows one to perform
in silico experiments to understand and predict the behav-
ior of mobile molecular communication networks.

• Simulation experiments investigate the application-level
performance of mobile molecular communication net-
works based on the LF model and the all-in-one model for
a range of settings. Simulation results provide an insight
into the detailed behavior of mobile molecular communi-
cation networks, including optimal numbers of leader and
follower bio-nanomachines and the relationship between
a model parameter and the application-level performance
of mobile molecular communication networks.

The reminder of this paper is organized as follows.
Section II gives an overview of the LF model used in this
paper. Section III develops mathematical expressions for the
LF model, and Section IV describes techniques to estimate
model parameters from wet laboratory experimental results.
Based on the mathematical model and estimated parameters,
Section V shows outcomes from computer simulation exper-
iments and investigates the application-level performance of
mobile molecular communication networks developed based
on the LF model and the all-in-one model. Finally, Section VI
summarizes this work and provides conclusions.

II. OVERVIEW

This paper considers drug delivery [19], [20] as an applica-
tion of mobile molecular communication networks. The goal
of drug delivery is to develop drug carriers that can be targeted
to disease sites in the human body and can release drug
molecules only at these disease sites, thus reducing the risk
of side effects at non-disease sites. A key functionality of
drug delivery is therefore the spatial control of drug carriers.
This is for instance possible with liposome-based drug carriers
whose surfaces express specific ligands that can bind to disease
sites (e.g., cell-surface receptors of tumor cells). Another key
functionality is the temporal control of drug release, which
involves releasing drug molecules only when needed. This
is possible with drug carriers that can release drug mole-
cules in response to chemical and physical properties specific

Fig. 1. Leader-follower-based mobile molecular communication network
proposed in this paper.

to disease sites (e.g., pH, temperature or concentration of
glucose) or to externally applied stimuli (e.g., ultrasound, light
or magnetic fields).

As will be detailed in this section, this paper focuses
on the spatial control of mobile bio-nanomachines for drug
delivery. The specific application scenario considered in this
paper consists of (1) distributing mobile bio-nanomachines in
the environment, (2) identifying the location of a target in
the environment, and (3) directing bio-nanomachines to the
target location where they perform collective actions such as
releasing drug molecules.

In the following, we first describe key components of
mobile molecular communication networks for the application
scenario described above; we also describe our assumptions
with relevant background knowledge in biology (Section II-A).
We will then describe a leader-follower based model of mobile
molecular communication networks to control the spatial dis-
tribution of mobile bio-nanomachines (Section II-B).

A. Key Components

The monitoring environment we consider in this paper
is aqueous and it contains molecules and energy sources
for bio-nanomachines to perform necessary functionalities.
The environment may also contain noise sources such as
thermal noise and other molecules (noise molecules) that may
interfere with bio-nanomachine functionalities. An example of
the monitoring environment in a biological context could be
the tissue space surrounding blood vessels (Fig. 1).

Targets are biochemical objects that appear in the mon-
itoring environment. Targets are assumed to be chemically
identifiable. For instance, targets may express specific pro-
teins on their surface, and bio-nanomachines may physically
interact with target surface receptors to identify the targets.
Targets may also secrete diffusive marker molecules which
bio-nanomachines are designed to detect. Targets may also
migrate in the environment. An example of targets is tumor
endothelial cells (Fig. 1). In the human body, morphological
abnormalities in blood vessels are often observed where tumor
endothelial cells are present [21] (see the abnormal sprout
in Fig. 1). Such morphological abnormalities in blood vessels
or other anomalies (e.g., inflammation in blood vessels) may
be targets to which bio-nanomachines are delivered.
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A bio-nanomachine is defined on the basis of three crite-
ria: material, size and functionality [22]. A bio-nanomachine
is composed of biomaterials (e.g., proteins, nucleic acids,
lipids, biological cells) with or without non-biomaterials
(e.g., magnetic particles and gold nanorods) [23]. The size of
a bio-nanomachine ranges from the size of a macromolecule
to that of a biological cell (i.e., dimensions of 1 – 100 μm).
A bio-nanomachine implements a set of simple functional-
ities to manipulate molecules, such as detecting, modifying
and releasing molecules. A bio-nanomachine may display
mobility to produce directional motion in the monitoring
environment; such bio-nanomachines are called mobile bio-
nanomachines. In biology, many cell types produce directional
motion through a process called chemotaxis [24], [25]. For
molecular communication, mobile bio-nanomachines are used
to deliver messages [26]. They are also assumed in the design
of various networking mechanisms such as routing [27]–[29].
The specific bio-nanomachines assumed in this paper are
genetically-modified endothelial cells (Fig. 1). In the human
body, endothelial cells form blood vessels and are capable of
migrating to almost every region of the body [30]. They also
circulate in blood vessels to help in their regeneration and
repair.

Via a process of molecular communication, bio-
nanomachines form a molecular communication network.
Two types of molecular communication exist: diffusion-
based and non-diffusion-based. In diffusion-based
molecular communication, bio-nanomachines communicate by
propagating diffusive molecules in the environment. This
type of molecular communication is found in natural and
engineered molecular communication networks such as coop-
erative bacterial networks where bacteria secrete and diffuse
N-acyl homoserine lactones (AHL) for quorum sensing [31]
and for engineering applications [32], [33]. On the other
hand, in non-diffusion-based molecular communication,
bio-nanomachines communicate by using adhesive molecules.
In biology, adhesive molecules are found abundantly in the
extracellular matrix (ECM) that provides a binding platform
for cells [34]–[36]. Examples of ECM molecules are collagen,
elastin, fibronectin and laminin. Numerous cell types in the
human body communicate and coordinate their behavior
by secreting and degrading ECM molecules, namely by
modifying the properties of the ECM.

B. Leader-Follower-Based Model of Mobile
Communication Networks

The proposed leader-follower-based model (LF model) of
mobile molecular communication networks assumes two types
of autonomous and mobile bio-nanomachine – leader and
follower – that cooperate to control the spatial distribution
of bio-nanomachines in a self-organized manner (Fig. 1).

• Leader bio-nanomachines distribute in the environment
to detect a target. Upon detecting a target, leader bio-
nanomachines release attractant molecules while contin-
uing to move in the environment.

• Follower bio-nanomachines move in the environment
and detect attractant molecules. In the presence of

Fig. 2. Attractant gradient formation by leader bio-nanomachines.

attractant molecules, follower bio-nanomachines move
preferentially to higher attractant concentrations where
they perform application-dependent functionalities. For
example, in drug delivery applications (i.e., delivery of
drug molecules to target cancer cells), they may carry
drug molecules and release the drug molecules at target
locations.

The LF model described in this paper uses an adhe-
sive type of attractant molecule, such that bio-nanomachines
use non-diffusion-based molecular communication. Attractant
molecules released by leader bio-nanomachines bind to the
surface of an environment and remain where they are released
(Fig. 2A). A trail of attractant molecules is formed as
a leader bio-nanomachine moves within the environment
(Fig. 2B and C). When a multitude of attractant trails have
been formed, an attractant gradient is established in such
a manner that the concentration is the highest around the
target and decreases with distance thereof (Fig. 2D). In this
case, follower bio-nanomachines move according to with the
attractant gradient toward the target. In biology, directed cell
migration due to surface-bound adhesive molecules is called
haptotaxis whereas that through diffusive molecules is called
chemotaxis [24], [25]. The use of adhesive molecules has
several advantages over diffusive molecules [16]; for example,
the attractant concentration may not be impacted by flow in
the environment (e.g., blood flows in blood vessels and flows
in tissue fluids); the attractant concentration remains high for
a long period of time, thus allowing bio-nanomachines to
accurately detect the concentration.

III. MATHEMATICAL MODELS

This section describes mathematically the LF model pro-
posed in this paper. For simplicity, the following is assumed:

• The monitoring environment is two-dimensional and
defined as an area A.

• The target exists uniformly in a sub-area AT (⊆ A) within
the monitoring environment.

• Bio-nanomachines do not physically interact with each
other; no collisions are considered.

A. Leader Bio-Nanomachines

We use the Langevin equation to describe the mobility of
a leader bio-nanomachine. The Langevin equation was used
originally to describe the Brownian motion of a particle in a
fluid medium.
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Let Bl denote a set of leader bio-nanomachines. For each
leader bio-nanomachine b ∈ Bl , we have

d2 �Xb(t)

dt2 = −αL
d �Xb(t)

dt
+ βL

d �W (t)

dt
, (1)

where �Xb(t) is the location of leader bio-nanomachine b at
time t , αL is a positive constant determining resistance to the
bio-nanomachine’s motion, βL is a positive constant deter-
mining the degree of noise effects on the bio-nanomachine’s
motion, and �W (t) is the vector Wiener process (noise effects),
which has the property that �W (t) − �W (s) is Gaussian distrib-
uted with a mean of zero and variance of |t − s| where t and s
are any two time instances.

A leader bio-nanomachine is either in the active state
releasing M(> 0) attractant molecules (unit quantity per unit
time) or in the inactive state not releasing attractant molecules
according to the following:

• Leader bio-nanomachine b (∈ Bl) in the target area
( �Xb(t) ∈ AT ) releases attractant molecules.

• Leader bio-nanomachine b (∈ Bl) outside the target area
( �Xb(t) /∈ AT ) releases attractant molecules if it recently
visited the target area, namely, if the time elapsed since its
most recent visit to the target area is within the attractant
release time duration T . Leader bio-nanomachine b out-
side the target area does not release attractant molecules
if it never visited the target area.

Note that the behavior assumed above for leader bio-
nanomachines may be implemented from smart materials [37].
For instance, bio-nanomachines made from smart materials
change the permeability of their surfaces according to the
environmental conditions (e.g., pH level) and release (or not)
stored molecules (attractant molecules) through their surfaces.
How quickly they change the permeability (indicating the
time duration T ) depends on the chemical composition of the
bio-nanomachines, which can be tuned to control the time
duration T . Further, clock-like behaviors can be found in
biological cells (i.e., biological oscillators [38]); in addition,
synthetic biologists have demonstrated that such behavior can
occur in engineered bacteria [39]. Clock-like behavior may
also be used to control the time duration T when biological
cells are used as bio-nanomachines.

B. Attractant Concentration

Attractant molecules released by leader bio-nanomachines
remain where they are released. Attractant molecules do not
diffuse as they are assumed to be adhesive and bind to
the surface of the monitoring environment. The number of
attractant molecules in the environment decays with time. Let
c(�x, t) denote the surface concentration of attractant molecule
at location �x and time t . Then the rate of change in c(�x, t) is
given by a partial differential equation:

∂c(�x, t)

∂ t
=

∑

b∈Ba(t)

Mδ(�x − �Xb(t)) − kc(�x, t), (2)

where Ba(t) is the set of active leader bio-nanomachines at
time t , M is the attractant release rate, δ(·) is the Dirac
delta function expressing the locations where leader bio-
nanomachines release attractant molecules, and k is the degra-
dation rate constant of the attractant molecule. Note that

(2) is consistent with how the dynamics of ECM molecules is
modeled in the literature [40], [41].

C. Follower Bio-Nanomachines

We also use the Langevin equation to describe the mobility
of follower bio-nanomachines. Let B f denote a set of fol-
lower bio-nanomachines. For each follower bio-nanomachine
b ∈ B f , we have

d2 �Xb(t)

dt2 = −αF
d �Xb(t)

dt
+ βF

d �W (t)

dt
+ γ ∇c(�x, t)|�x= �Xb(t) ,

where αF is a positive constant determining the resistance to
the bio-nanomachine’s motion, βF is a positive constant deter-
mining the degree of noise effects on the bio-nanomachine’s
motion, γ is a positive constant determining the impact
of the attractant concentration gradient ∇c(�x, t) at location
�x = �Xb(t) on the directional motion of bio-nanomachine b
and ∇ = �ex

∂
∂x + �ey

∂
∂y .

IV. PARAMETER ESTIMATION

This section describes our wet laboratory experiments and
the methods used to estimate parameter values in (1) and (3)
from experimental results. The parameter values estimated
in this section will be used in Section V to examine the
application-level performance of mobile molecular communi-
cation networks based on the LF model.

A. Wet Laboratory Experiments

In wet laboratory experiments, we used endothelial cells as
a model of bio-nanomachines and fibronectin as the attractant
molecule since endothelial cells appear to move up fibronectin
gradients [42], [43]. As detailed below, we obtained trajec-
tories of cells in the presence and absence of fibronectin
gradients in order to obtain αL , βL , αF , βF and γ .

Cell Culture: Calf pulmonary artery endothelial (CPAE)
cells were obtained from the Institute for Fermenta-
tion, Osaka. Cells were cultured in Dulbecco’s Modified
Eagle Medium (DMEM) supplemented with 20% fetal calf
serum (Gibco) at 37 ◦C under 5% CO2.

Fibronectin Gradient Formation: The fibronectin gradient
was established according to the method described in [44].
Briefly, polydimethylsiloxane (PDMS) was used to form
22 mm (length) × 1 mm (width) × 0.1 mm (depth) microchan-
nels sandwiched between two coverslips. The fibronectin solu-
tion containing 10 μg/ml Rhodamine conjugated fibronectin
(Cytoskelton, Inc.) in distilled water was then prepared, and
microchannels were filled with this solution by capillary
force. Finally, the sandwiched michrochannels were placed
upright and the fibronectin solution in microchannels was air-
dried at 4 ◦C to create a gradient coating.2 A fluorescence

2In this process, fibronectin-containing DI-water is allowed to air-dry from
the opening inlet of a microchannel. Thus, the amount of water decreases
over time and the concentration of fibronectin increases accordingly. Since
the microchannel is placed upright during the coating process, gravity would
drag liquid down in the microchannel. In this way, the surface that is close
to the top of the microchannel will have lowest deposition of fibronectin since
the concentration was low and the overall time that the surface is exposed to
the coating solution is also short. On the other hand, the area close to the
bottom will have higher coating concentration since the overall coating time is
longer and the fibronectin concentration is also increased gradually over time.
Once the DI-water is completely air-dried, the coating process is complete.
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Fig. 3. Rhodamine-conjugated fibronectin gradient. (A) Fluorescence
microscopy image of a microchannel where the gradient is formed. The
fluorescence intensity of rhodamine was measured at 535 nm/585 nm for
excitation/emission wavelengths. (B) The fluorescence intensity of rhodamine
in the square area in A is shown.

microscope was used to examine the fibronectin gradients on
the coverslip (Fig. 3A and B) before they were used in time-
lapse imaging experiments.

Time-Lapse Imaging: Prior to time-lapse imaging exper-
iments, coverslips were placed in plastic dishes to which
cells were transfered and incubated for at least 2 hours
under the same cell culture conditions. Time-lapse imaging
was then performed using an Olympus CKX41 microscope
with a 10× objective lens in a temperature-controlled room
at 37 ◦C. Images were taken every minute for 12 hours
or longer, with each image capturing an area of approxi-
mately 1.2 mm × 1.5 mm of coverslip.

Obtaining Cell Trajectories: ImageJ software [45] and
MTrackJ plugin [46] were used to monitor cell trajectories.
Cells that neither collided with other cells nor commenced
cell division were selected and their locations were identi-
fied manually by center of mass. The locations of selected
cells were identified every 10 min from time-lapse imaging,
such that 73 locations per selected cell were identified from
12 hours of imaging to define cell trajectories.

Fig. 4 shows images of a selected cell which moved prefer-
entially to the higher fibronectin concentration. Figs. 5A and B
show the trajectories of two selected cells. Here the cell’s
initial position is the origin of the two-dimensional space,
with increasing fibronectin concentration shown along the
x-axis; the cell in Fig. 5A exhibited a more preferential
movement towards the higher fibronectin concentration than
the cell in Fig. 5B. For comparison, Fig. 5C shows the
trajectory of a cell that was placed on a coverslip without
fibronectin.

B. Maximum Likelihood Estimation

Each trajectory of a cell is given as a sequence ((xn, yn))N
n=1

of the cell’s locations on a two-dimensional surface,
where N is the number of locations obtained from exper-
iments. In experiments, the cell’s location was measured
every 10 min over 12 hours, yielding a sequence of
N = 73 locations.

Given a cell’s trajectory obtained from time-lapse imaging,
we use the maximum likelihood estimation (MLE) to estimate
αF , βF , γ in (3) for follower bio-nanomachines. We assume
that leader bio-nanomachines are developed from the same cell
type and have the same parameter values: namely, αF = αL

and βF = βL , respectively denoted as α and β in the rest of
the paper, to simplify the expressions.

We first rewrite (3) as

d2x(t)

dt2 = −α
dx(t)

dt
+ β

dWx (t)

dt
+ γ ′, (3)

d2 y(t)

dt2 = −α
dy(t)

dt
+ β

dWy(t)

dt
, (4)

where the fibronectin gradient is assumed to be made linearly
along the x-axis and γ ′ (= γ ∂c

∂x ) is a constant determining the
directional force that directs cells to move along the x-axis.

We then discretize (3) and (4) by time interval τ with respect
to time t :

xi+2 − 2xi+1 + xi

τ 2 = −α
xi+1 − xi

τ
+ β Rxi + γ ′, (5)

yi+2 − 2yi+1 + yi

τ 2 = −α
yi+1 − yi

τ
+ β Ryi , (6)

where Rxi = Wxi+1 − Wxi

τ
and Ryi = Wyi+1 − Wyi

τ
. Rxi and

Ryi are white noise and independent of i ; hence we write
Rxi = Ryi ≡ R ∼ N (0, 1

τ ).
By shifting the time index i by −2 in (5) and (6), we can

obtain

x̂i = τ 2β R − ατ (xi−1 − xi−2) + 2xi−1 − xi−2 + τ 2γ ′, (7)

ŷi = τ 2β R − ατ (yi−1 − yi−2) + 2yi−1 − yi−2, (8)

where x̂i and ŷi are used to express the estimated locations
given xi−1, xi−2, yi−1 and yi−2.

Notice in (7) and (8) that x̂i and ŷi are both linear functions
of R ∼ N (0, 1

τ ); the probability density functions of x̂i and
ŷi are given by

x̂i ∼ Px̂i (x) = 1√
2πσ 2

exp

(
− (x − x̄i )

2

2σ 2

)
, (9)

ŷi ∼ Pŷi (y) = 1√
2πσ 2

exp

(
− (y − ȳi )

2

2σ 2

)
, (10)

where

x̄i = −ατ (xi−1 − xi−2) + 2xi−1 − xi−2 + τ 2γ ′,
ȳi = −ατ (yi−1 − yi−2) + 2yi−1 − yi−2,

σ 2 = β2τ 3.
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Fig. 4. Microscopy images of a CPAE cell. The fibronectin concentration increases from left to right in each image. The cell indicated by the arrow moved
to the higher fibronectin concentration.

Fig. 5. Trajectories of cells moving on a gradient substrate (A and B),
and on a non-gradient substrate (C), each obtained from 12 hours of
time-lapse imaging. On the gradient substrate, the fibronectin concentration
increases from left to right. The cell’s starting position is the origin of the
two-dimensional coordinate and indicated by the arrow. Parameter values
estimated from trajectories A-C are used to produce trajectories D-F. Axis unit
is μm.

With (9) and (10), the joint probability density function
Pi (x, y) is written as

Pi (x, y) = Px̂i (x) · Pŷi (y). (11)

The log likelihood of obtaining the sequence ((xi , yi ))
N
n=3 is

then given as

L(α, β, γ ′) =
N∑

n=3

ln Pn(xn, yn). (12)

To obtain the maximum likelihood estimates of α, β and γ ′
that maximize the likelihood function (12), we solve the
simultaneous equations below.⎧

⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

∂L(α, β, γ ′)
∂α

= 0

∂L(α, β, γ ′)
∂β

= 0

∂L(α, β, γ ′)
∂γ ′ = 0

(13)

C. Results and Discussion
We applied the MLE method to the trajectories of 10 cells

obtained from time-lapse imaging experiments and estimated
parameter values (Table I). Further, we used estimated para-
meter values to reproduce trajectories. From the trajectory
shown in Fig. 5A, parameter values listed for Cell 1 in Table
I were estimated, and used to produce the trajectory shown
in Fig. 5D. Similarly, from the trajectory in Fig. 5B, parameter
values listed listed for Cell 5 in Table I were estimated and
used to produce the trajectory in Fig. 5E. As shown in these
figures, the reproduced results are in good agreement with
experimental results.

In Table I, the variance of γ ′ is large compared to that of α
and β. There are several reasons for this. First, biological cells
always present variability. Some cells do not have the ability to
respond to the fibronectin gradient (i.e., haptotactic response).
For practical use, we will be selecting cells for specific appli-
cations. Also, it should be noted that cell migration depends on
the cell cycle phase; we observed in experiments that cells stop
migrating when they enter cell division. The variance may be
reduced if the model is refined by considering the cell cycle.
Finally, the engineered fibronectin gradient is not smooth. As
shown in Fig. 3, the fibronectin concentration (y-axis value)
increases with the x-axis value at a relatively constant rate,
but it fluctuates. This introduces location-dependency into the
cell’s haptotactic response. This should be solvable as the
engineering techniques advance.

To understand the mobility of these cells, we computed the
following quantities that dictate the speed Sdri f t of directional
motion along the fibronectin gradient and the speed Srand of
random motion

Sdri f t = γ ′

α
,

Srand = β√
α

.
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TABLE I

ESTIMATED PARAMETER VALUES

Cell α [h−1] β [μm h−
3
2 ] γ′ [μm h−2] Sdrift [μm h−1] Srand [μm h−1]

1 0.57 2.90 1.51 2.66 3.85
2 0.48 2.98 0.80 1.67 4.31
3 0.56 3.23 -1.61 -2.85 4.37
4 0.46 3.24 -0.27 -0.60 4.80
5 0.55 3.52 0.21 0.38 4.73
6 0.53 3.39 -0.13 -0.26 4.67
7 0.42 3.53 0.36 0.85 5.42
8 0.62 3.89 0.13 0.21 5.01
9 0.53 3.15 0.36 0.68 4.34
10 0.40 2.76 0.38 0.94 4.34
Mean ± SEM 0.51 ± 0.07 3.27 ± 0.34 0.17 ± 0.80 0.37 ± 1.47 4.59 ± 0.44

TABLE II

SUMMARY OF ESTIMATED PARAMETER VALUES

Experimental setup α [h−1] β [μm h−
3
2 ] Srand [μm h−1]

No FN 0.47 ± 0.02 1.41 ± 0.08 2.08 ± 0.12
FN (Uniform: low) 0.46 ± 0.03 1.16 ± 0.09 1.73 ± 0.16
FN (Uniform: middle) 0.56 ± 0.02 0.97 ± 0.08 1.30 ± 0.11
FN (Uniform: high) 0.28 ± 0.02 0.87 ± 0.06 1.68 ± 0.13

As shown in Table I, the mean of Sdri f t is a magnitude smaller
than the mean of Srand , demonstrating the degree to which
cells moved randomly even in the presence of fibronectin
gradients.

The parameter values α and β can also be estimated from
time-lapse imaging experiments with fibronectin-uncoated (a)
and coated (b) coverslips. We performed these additional
experiments and applied the MLE method. Table II sum-
marizes the estimated parameter values from each exper-
imental setup; “No FN” refers to experimental setup (a),
while “FN (Uniform: low)”, “FN (Uniform: middle)” and
“FN (Uniform: high)” refer to experimental setup (b), where
three different levels of fibronectin concentrations were
tested. In each experimental setup, 10 cells were examined.
An example cell trajectory obtained from “No FN’’ is shown
in Fig. 5C, with parameter values estimated from this figure
used to produce the trajectory shown in Fig. 5F.

Table II shows that α and β values differ depending on the
experimental setup, meaning that they are influenced by the
fibronectin concentration. This suggests that the mathematical
models could be improved by incorporating the fibronectin
concentration therein (e.g., (3)), in addition to the fibronectin
gradient. Table II also shows that Srand tends to decrease
when the fibronectin concentration is increased (e.g., from 0
to high). This is understandable since the increased binding
force between cells and the environment surface can decrease
the cell mobility. By comparing Srand in Tables I and II, it
is also seen that Srand is large in the presence of fibronectin
gradients (i.e., Srand is larger in Table I than in Table II). This
increase in Srand may be caused by the fact that the fibronectin
gradients were bumpy (Fig. 3); this may have accelerated the
random motion of cells.

V. SIMULATION EXPERIMENTS

In simulation experiments, we evaluate the application-level
performance of mobile molecular communication networks

designed based on the LF model. For comparison, we consider
the all-in-one model where single bio-nanomachines imple-
ment all necessary functionalities such as detecting targets,
releasing attractant molecules, and migrating to the higher
attractant concentration in the environment. In the all-in-
one model, bio-nanomachines release attractant molecules as
leader bio-nanomachines do (see Section I I I − A) and migrate
in the same manner as follower bio-nanomachines migrate
according to (3). The concentration of attractant molecule is
governed by (2).

A. Simulation Scenario

We consider an application of mobile molecular com-
munication networks to tumor site detection in the human
body. Tumor cells may exist in the human body for many
years before they start to metastasize [47]. Based on current
radiological methods, tumor cells are detected after they grow
to a detectable level (a few mm), which is estimated to
be 10 – 15 years after the first tumor cell was born. At this
stage, metastasis have often formed, and cancer therapies may
not be effective. Based on this observation, tumor site detection
within a few years is assumed to be a practical objective.

In the all-in-one model, we use Nb bio-nanomachines.
In the LF model, we use Nl leader bio-nanomachines and
N f follower bio-nanomachines. We then assume that, for
the purpose of tumor site detection, imaging probes [48]
are loaded onto all bio-nanomachines in the all-in-one
model and onto follower bio-nanomachines in the LF model.
As a performance metric, we use the likelihood RT (t) that the
tumor site is detected at time t :

RT (t) = |BI P |
dAV G(t)

, (14)

where |BI P | is the number of bio-nanomachines carrying
the imaging probes (i.e., Nb in the all-in-one model and
N f in the LF model) and dAV G(t) is the average distance
between a bio-nanomachine and the target site at time t .
RT (t) increases as |BI P | increases and dAV G(t) decreases.
In simulation experiments described in this section, we exam-
ine how RT (t) changes over time. We also examine RT (t)
after a sufficiently long period of time t̄ (= 1, 2 or 3 years)
elapses. As a performance metric, we use R̄T , the average of
RT (t̄) computed from 10 simulation runs.
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Fig. 6. An example simulation run when the LF model is used. Leader bio-nanomachine distribution (top), attractant concentration (middle), and follower
bio-nanomachine distribution (bottom) are shown. Each image shows a 6 (mm) × 6 (mm) area of the 20 (mm) × 20 (mm) monitoring area. The target area
is circular, 1 (mm) in radius and at the center of the monitoring area as shown in the top left image. Leader and follower bio-nanomachines are represented
by circles. The attractant concentration is indicated by color coding. Arrows in the attractant concentration point to attractant trails.

B. Parameter Values

The monitoring environment is an L×L square area defined
as A = {(x, y)| − L

2 ≤ x ≤ L
2 ,− L

2 ≤ y ≤ L
2 } with

L = 20 (mm), representing the tissue space shown in Fig. 1.
The target area is circular and positioned at the center of
the monitoring environment, and it is defined as AT =
{(x, y)|x2 + y2 ≤ L2

T } with LT = 1 (mm). This target
area indicates that 106 tumor cells exist in the area when a
tumor cell of 10 μm in radius is assumed. 3 If we further
assume slow-growing tumor cells with their doubling time of
6 months, it takes approximately 10 years for a single tumor
cell to grow into this size.

For α, β and γ , we use the values of Cell 1 in Table I.
Note that γ is determined based on cell 1’s γ ′ in Table I, the
relationship of γ ′ = γ dCx

dx , and the experimentally measured
value of dCx

dx = 0.02 (A.U./μm).
Other values are arbitrarily determined. Unless otherwise

noted, the number of bio-nanomachines is Nb = 1000 for the
all-in-one model, and Nl = N f = 500 for the LF model.
The attractant release rate is M = 0.1 (A.U./h), the attractant
release time duration is T = 216 (h), and the attractant
degradation rate constant is k = 1 × 10−5 (1/h).

At time t = 0, bio-nanomachines are randomly distributed
in the monitoring environment. All these bio-nanomachines

3The number of tumor cells in the target area is estimated from the volume
of the target divided by the volume of a tumor cell.

have zero moving velocities at t = 0. During the course
of the simulation runs, bio-nanomachines are not allowed to
move outside the monitoring environment, rebounding back
into the monitoring environment when they make contact with
the environment boundaries. In solving (2), the monitoring
environment is divided into 0.1 × 0.1 (mm2) square areas.
Time t in (1), (2) and (3) is discretized by 
t = 1 (min), and
each simulation run is terminated when time t = 50, 000 (h)
(∼5.7 years) is reached. At each simulation time step, dAV G(t)
in (14) is computed as the averaged distance between a bio-
nanomachine and the center of the target area (i.e., the origin
of the coordinate space).

Fig. 6 shows when the LF model is used with the para-
meter values described above. It shows how the attractant
concentration, leader bio-nanomachine distribution and fol-
lower bio-nanomachine distribution evolve with time. Note
that the monitoring area is 20 (mm) × 20 (mm) and each
image in Fig. 6 shows the 6 (mm) × 6 (mm) area of the
monitoring area. As shown in the top series of images, leader
bio-nanomachines remain distributed in the environment. The
target area is circular as shown in the top left image in Fig. 6,
whereon leader bio-nanomachines that enter this area release
attractant molecules. The leader bio-nanomachines that release
attractant molecules continue to move in the environment,
leading to the formation of attractant concentration gradients
(middle series of images). Since attractant molecules are
assumed in this paper to be adhesive and not diffusive, the
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Fig. 7. Impact of Nb on RT (t) and R̄T in the all-in-one model.

Fig. 8. Impact of Nl on RT (t) and R̄T in the LF model. N f = 200.

attractant concentration tends to form trails (see arrows in
the attractant concentration images). As more leader bio-
nanomachines release attractant molecules and move in the
environment, attractant trails overlap and the attractant gradi-
ent is formed. The attractant concentration is high in the target
area and tends to decrease with distance from it. This forma-
tion of the attractant concentration gradient allows follower
bio-nanomachines to move closer to the target area. As shown
in the lower series of images, follower bio-nanomachines are
gradually attracted to the target area.

C. Results: Impact of the Number of Bio-Nanomachines

Fig. 7 shows the impact of the number of bio-nanomachines
Nb on RT (t) and R̄T when the all-in-one model is used.
As shown in Fig. 7B, R̄T increases almost linearly with Nb .
From (14), it is seen that RT (t) increases linearly with Nb

if dAV G(t) is a constant and not influenced by Nb . The
linear relationship between Nb and R̄T observed in Fig. 7B
indicates that dAV G(t) is not influenced by Nb , implying that
the effective attractant gradient is formed in all cases tested and
bio-nanomachines are effectively directed to the target area.

On the other hand, Figs. 8 and 9 show RT (t) and R̄T when
the LF model is used; in Fig. 8, Nl is varied and N f = 200,
whereas in Fig. 9, N f is varied and Nl = 200. Fig. 8B shows
that R̄T slightly increases as Nl increases from 10 to 200;
however, it does not increase further with Nl . This indicates
that 200 leader bio-nanomachines are sufficient to create
an effective attractant gradient and no further leader bio-
nanomachines are required. Fig. 9B shows that R̄T increases
almost linearly with N f , and this is because the number of
leader bio-nanomachines Nl = 200 is sufficient to create an
effective attractant gradient and thus R̄T increases linearly with
N f according to (14).

In the LF-model, one practical problem is to identify the
optimal numbers of leader and follower bio-nanomachines.
Fig. 10 shows RT (t) and R̄T for various Nl values in the LF
model where the total number of bio-nanomachines is fixed

Fig. 9. Impact of N f on RT (t) and R̄T in the LF model. Nl = 200.

Fig. 10. Impact of Nl on RT (t) and R̄T in the LF model. N f = 1000 − Nl .

Fig. 11. Impact of M on RT (t) and R̄T in the all-in-one model (A and B)
and in the LF model (C and D).

to Nl + N f = 1000. These figures show that the optimal
ratio of Nl : N f that maximizes R̄T exists at Nl : N f =
50 : 950 – 100 : 900. This optimal ratio exists since, when
Nl is too small, the gradient is not formed and follower bio-
nanomachines are not attracted to the target area, and when Nl

is large, the number of follower bio-nanomachines becomes
small, leading to small R̄T . It is observed here that, when
the numbers of leader and follower bio-nanomachines are
optimized, the LF model can achieve larger R̄T ; in the LF
model, Nl = 100 and N f = 900 result in R̄T = 31.5 at
t = 5 (years) while in the all-in-one model, the same number
of bio-nanomachines Nb = 1000 results in R̄T = 18.7 at
t = 5 (years) (see Fig. 7B).

D. Results: Impact of the Attractant Release Rate

Fig. 11A and B show the impact of the attractant release
rate M on RT (t) and R̄T when the all-in-one model is used;
and Fig. 11C and D show that when the LF model is used.
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Fig. 12. Bio-nanomachine distribution (left) and attractant concentration
distribution (right) in the all-in-one model (A) and the LF model (B). Each
image shows the 20 (mm) × 20 (mm) monitoring area. M = 1 (A.U./h).
t = 416 (days).

As shown in these figures, RT (t) and R̄T increase and then
decrease as M increases from M = 0.00001 (A.U./h) in both
models.

When M is small, RT (t) does not increase with time t
(see the M = 0.00001 case in Fig. 11A and C). This is because
attractant molecules released by bio-nanomachines are too low
in concentration (or intensity) and degrade before effective
gradients are formed. In such cases, bio-nanomachines remain
almost uniformly distributed in the area during simulation runs
(data not shown), and RT (t) does not increase with time t .

It is also seen that, when M is large, RT (t) does not
increase with time t (see the M = 1 case in Fig. 11A and C).
For this reason, we observed that, when M is large, bio-
nanomachines stay around the target area while not many
are found within the target area; see Fig. 12A left for the
all-in-one model and Fig. 12B left for the LF model. This
is likely because the moving velocities of bio-nanomachines
become too large as the attractant gradient is very large around
the target area, and bio-nanomachines pass through the target
area. This prevents bio-nanomachines from staying in the
proximity of the target area and reduces RT (t) and R̄T . When
M = 1 (A.U./h), by comparing the two models, we observed
that the attractant distribution differs significantly in the two
models. In the all-in-one model, the attractant concentration
exhibits a spider-web-like complex distribution with attractant
trails formed in a wide area (Fig. 12A right), while in the
LF model, the attractant concentration is distributed in a
Gaussian-like distribution in a small area (Fig. 12B right). The
attractant concentration in the LF model is simple because
leader bio-nanomachines keep moving randomly to create
an attractant gradient, while in the all-in-one model bio-
nanomachines move based on the attractant gradient that they
create in creating an attractant gradient. This suggests that
system behavior is more predictable with the LF model.

Fig. 13. Impact of k on RT (t) and R̄T in the all-in-one model (A and B)
and in the LF model (C and D).

Fig. 14. The target location changes at time t = 0 (h). (A) k = 0.0001 and
(B) k = 0.0005.

E. Results: Impact of the Attractant
Degradation Rate Constant

Figs. 13A and B show the impact of the attractant degrada-
tion rate constant k on RT (t) and R̄T in the all-in-one model;
and Figs. 13C and D show that when the LF model is used.
Similar to the previous case where M is varied, R̄T increases
and then decreases when k is increased from 0.000001 (1/h) in
the two models. When k is small, which corresponds to cases
where M is large, the attractant gradient around the target area
becomes too high and this accelerates the moving velocities of
bio-nanomachines, and bio-nanomachines are not able to stay
in the proximity of the target area. When k is large, which
corresponds to cases where M is small, attractant molecules
released by bio-nanomachines degrade quickly and attractant
gradients cannot be formed around the target area. Therefore,
R̄T becomes small when k is small or large.

F. Results: Target Relocation

Finally, we consider a dynamic environment where the
target area changes during a simulation run and demonstrate
that the spatial distribution of bio-nanomachines changes
accordingly. A simulation is run with the target area of AT 1 =
{(x, y)|(x − 5)2 + (y − 5)2 ≤ L2

T } for the first 50,000 (hours),
and then with the target area AT 2 = {(x, y)|(x + 5)2 +
(y +5)2 ≤ L2

T } for the last 50,000 (hours), thus simulating the
situation that the target area changes from AT 1 to AT 2. The
time at which the target area changes is set to be t = 0 (day).
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Fig. 15. Leader bio-nanomachine distribution (top), attractant concentration (middle), and follower bio-nanomachine distribution (bottom) are shown. Each
image shows the 20 (mm) × 20 (mm) monitoring area. The target area was changed from the top-right position to the bottom-left position as indicated by
the red circles in the two top-left images. After the target area changes, it remains there in the rest of the simulation run. The time at which the target area
changes is shown as t = 0 (day). The LF model is used.

Here we examine RT 1(t) and RT 2(t) respectively computed
using the averaged distance between a bio-nanomachine to the
center of AT 1 (i.e., (5, 5)) and that of AT 2 (i.e., (−5,−5)).

Fig. 14A shows the results obtained from both models where
a small k value is used (k = 0.00001). As shown in the figure,
in both models, RT 1(t) increases over time, indicating that
attractant gradients are formed around the initial target area
AT 1 and bio-nanomachines (or follower bio-nanomachines)
move closer to AT 1. At time t = 0 (day), the target area
changed from AT 1 to AT 2, which has little impact on RT 1(t)
and RT 2(t). This is because, with a small k value, the attractant
gradients formed around AT 1 do not disappear, keeping bio-
nanomachines around AT 1 after the target area changes to
AT 2. In the all-in-one model, effective attractant gradients are
not formed around AT 2. In the LF model, attractant gradients
are formed around AT 2 by leader bio-nanomachines, but a
large number of follower bio-nanomachines remain around
AT 1 and do not move closer to AT 2.

Fig. 14B shows the results obtained from both models where
the value of k is increased (k = 0.0005). In both models,
RT 1(t) increases over time until the target area changes. After
the target area changes, RT 1(t) starts to decrease and RT 2(t)
starts to increase. This demonstrates the ability of both models
to adapt the spatial distribution of bio-nanomachines to the
change of the target area. Fig. 15 shows how the distributions
of leader bio-nanomachines, attractant molecules, and follower
bio-nanomachines in the LF model change before and after

the target area changes. As shown in Fig. 15, leader bio-
nanomachines are uniformly distributed before and after the
target area changes. When the target area changes from AT 1
to AT 2, leader bio-nanomachines around AT 2 start creating
attractant gradients. Accordingly, follower bio-nanomachines
start moving toward AT 2 as shown in the figure.

Note that, when k is too large (e.g., k ≥ 0.01),
RT 1(t) and RT 2(t) do not increase in either model. This is
because, when k is too large, effective attractant gradients
cannot be formed, as observed in Fig. 13.

VI. CONCLUSION

We have described a leader-follower-based model of mobile
molecular communication networks for target detection appli-
cations. Mathematical models, wet laboratory experiments,
and methods to estimate model parameters from wet labo-
ratory experimental results have also been presented, along
with simulation experiments to evaluate the target detection
performance of the proposed mobile molecular communication
networks.

The main contributions made in this paper are summarized
below.

• The manner in which functionalities can be sub-divided
to permit the design of mobile molecular communication
networks has been presented. This provides the basis
for further design, such as dividing functionalities across
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three or more types of bio-nanomachine for a more-
advanced drug delivery process (e.g., by combining the
model in [11]).

• The functional division proposed in the paper should
have a significant impact on the engineering of bio-
nanomachines. Current genetic engineering techniques
are limited to the delivery of a small number of genes into
a single cell. Adding numerous functionalities is difficult
as the expression of inserted genes interferes with other
genes or interferes with existing components in the cell.
Limiting the number of functionalities to implement per
cell is necessary.

• The proposed functional division will have a signif-
icant impact on drug delivery applications. In the
all-in-one model, drug molecules or imaging probes need
to be loaded onto all bio-nanomachines, whereas in the
LF-model they can be loaded onto the follower bio-
nanomachines only. This reduces the risk of side effects
as well as the cost of drug molecules or imaging probes.

• Numerical experiments show that the all-in-one model
and LF model differ in terms of sensitivity to parame-
ters. Parameter tuning becomes difficult in the all-in-
one-model where bio-nanomachines move based on the
attractant gradient that they create; this feedback process
makes it difficult to predict system behavior. On the other
hand, the system behavior is more straightforward when
the LF model is employed.

Future work should be aimed at refining the mathematical
models based on wet laboratory experimental results. For more
realistic outcomes, it will be necessary to model physical inter-
actions among bio-nanomachines, biochemical mechanisms to
produce and release attractant molecules, three-dimensional
environments, and the growth and death of bio-nanomachines.

Future work should also include demonstrating target detec-
tion applications of the proposed model in a realistic biological
environment. In the experimental setup described in this paper,
there is no target and the attractant gradient is pre-made.
Narrowing the gap between the experimental setting and
the practical setting is an important objective. Furthermore,
the use of other cell types to satisfy application-dependent
requirements is needed. In the case of fast-growing tumor cells
undergoing a doubling time of 20 days, the life expectancy of
the host might be reduced to just 1 – 2 years [47]. For the
detection of such cells, other cell types (e.g., leukocytes) that
can move faster need to be considered, along with the design of
molecular communication mechanisms that can allow a group
of cells to cooperate.
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